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Woodpeckers are a group of avian species that cause damage to wooden power utility
structures. In the southeastern United States, Tennessee Valley Authority (TVA), has accrued an
estimated $5 million USD annually from woodpecker damage. Previous work has focused on
effectiveness of reactive mitigation and restoration efforts with little investigation of preventative
methods. To address this knowledge gap, this study will i) use species distribution model
techniques to predict damage suitability across the TVA service area, ii) use Bayesian
hierarchical community model techniques to estimate species richness of the woodpecker
community in the service area, and iii) recommend target areas for increased preventative
measures in the service area. The suitability map indicated that damage was most likely to occur
in the southwestern portions of the TVA service area. Woodpecker species richness was stable
across the environmental covariate values estimated with 2–3 species found throughout the
service area.
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CHAPTER I
GENERAL INTRODUCTION
Human-Wildlife Conflict
Human-wildlife conflict is a term that refers to instances of competition for a resource
between humans and wildlife species (Peterson et al. 2010). These conflicts can result in a
variety of issues that range from monetary loss, infrastructure and property damage, illness or
injury, and considerable time loss related to mitigation (Messmer 2000). Conflict can be a threat
to populations of many species, and the reaction by humans to the conflict can vary greatly
depending on the significance (i.e., religious values, cultural perception of the species, and
monetary value of the damage) of both the resource being competed for and the species involved
(Dickman 2010). Methods of mitigation have traditionally been reactive in their implementation,
but in recent years there has been a focus by conservation biologists and management teams on
preventing these conflicts before they occur (Woodroffe et al. 2005). An example of humanwildlife conflict of focus in this study is the southeastern United States’ woodpecker community
and its activity in wooden utility structures.
Avian-Power Utility Conflict
Since the late 1800’s, wooden utility structures have been the predominant medium for
power transmission in the United States (U.S.). Currently there are 160–180 million wooden
utility structures across the U.S., with the majority of these being used as primary and secondary
infrastructure units in electrical distribution and transmission lines (AISI 2019). These structures
1

have been traditionally constructed of southern yellow pine wood in the eastern regions and
Douglass fir in the west (Baker 1990). Southern yellow pine is a generic market term used to
describe a variety of pine species harvested in the southeast including loblolly pine (Pinus
taeda), slash pine (Pinus elliottii), shortleaf pine (Pinus echinata), and longleaf pine (Pinus
palustris) (Baker 1990). Most of these structures are chemically treated with preservatives to
increase the longevity against water, insect activity, fungus, and bacterial growth (NAWPC
2019).
To maintain this critical power infrastructure, there has been ongoing work to prevent
degradation, damage, and premature replacement (Grigsby 2001). Damage from woodpecker
activity is one of the primary causes for replacement of these structures before the end of their
estimated life span (Steenhof 2011). Damage to these structures can typically range from
cosmetic surface damage to multiple excavated cavities within the same structure (Tupper et al.
2010). Excavation of cavities by woodpeckers in wooden utility structures is of concern for
utility companies as these can be a major contributor to the structure failing when put under
stress from weather and maintenance activities (Rumsey 1973). Cavities create entrance points
for bacteria, fungus, and water which can weaken the structure (Tupper 2010) and create
opportunities for inhabitation by other wildlife (e.g., raccoons, opossums, snakes, and insect
colonies) that can pose threats to maintenance crews. Across the U.S., this conflict has been
reported since the early 1900’s and has risen in frequency as electricity and other conveniences
have expanded (Messmer 2010, Mulqueen 2017). Power companies are therefore seeking
alternative methods for reducing inefficiency in the mitigation process and reducing the overall
cost per annum incurred from woodpecker activity (Mulqueen 2017).
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Tennessee Valley Authority
Founded in 1933, the Tennessee Valley Authority (TVA) was created to provide flood
control and economic resources to the Tennessee River Valley (Kitchens 2014). As of 2019 there
were approximately 24,000 wooden transmission-level utility structures managed by TVA (TVA
2019). Of those, 3,296 (~14%) have been confirmed in need of replacement due to woodpecker
damage since 2013 (Fig. 1.1). This number reflects national estimates and suggests that the TVA
system resides within a zone of high-level deterioration for utility structure life expectancy
(ranked 4 on a scale of 5, with 5 being the highest deterioration rate). The only areas of higher
risk are Hawaii and the northern coast of the Gulf of Mexico (NAWPC 2019).
Due to woodpecker-incurred damages, TVA has accrued an estimated $5 million/year
(USD) in costs directly associated with woodpecker activity (TVA pers. comm.). In addition to
monetary costs associated with replacing damaged structures and repairs to systems when they
fail, concerns have been raised regarding the structural safety of damaged structures to
employees performing maintenance and the public. In response, TVA and other power
distribution companies have begun the process of replacing wooden utility structures with steel
or concrete units (with approximately 2.5 million wooden utility units replaced annually in U.S.
(AISI 2019). Given the geographic scale of structure replacement, efficiency would be increased
if areas particularly vulnerable to woodpecker damage were identified and prioritized. However,
prioritizing areas at high risk for damage requires an understanding of life history requirements
of woodpeckers and the environmental patterns associated with woodpecker occurrence as well
as an evaluation of structure damages created by each species.
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Woodpeckers
The family Picidae, a group of near-passerine birds, is a near-worldwide occurring group
that encompasses woodpeckers, sapsuckers, flickers, wrynecks, and piculets (Shunk 2016).
Members of Picidae typically inhabit woodlands and forested areas where they rely on the
presence of dead or dying trees to use as foraging, roosting, and nesting sites by excavating
cavities within the trunk or limbs (Gorman 2014). The eight species of Picidae in the
southeastern U.S. are considered generalists (except for the Red-cockaded Woodpecker
[Leuconotopicus borealis]) in that they inhabit both densely forested habitat and more disturbed
anthropogenic areas (Costa 2004, Gorman 2014).
Of the eight species of woodpecker that are found within the TVA service area, six
species have been documented contributing to utility structure damage. These six species are
Pileated Woodpecker (Dryocopus pileatus), Northern Flicker (Colaptes auratus), Red-headed
Woodpecker (Melanerpes erythrocephalus,), Red-bellied Woodpecker (Melanerpes carolinus),
Downy Woodpecker (Dryobates pubescens), and Hairy Woodpecker (Dryobates villosus)
(Daigle 2013, Steenhof 2011, Diamond and Ross 2020). Each of these species have differing
abilities to tolerate human disturbance and have varying site level selection for cavity locations
(e.g., Pileated Woodpecker prefer large diameter snags in mature forests whereas Northern
Flicker occurs more often at the edge of forest near clearings), but have a unifying need of snags
for roosting and nesting (Tomasevic and Marzluff 2018, Wiebe 2010, Gorman 2014). In
addition, each species is capable of varying degrees of damage to utility structures. This damage
affects the integrity of the structures differently given woodpeckers produce different average
cavity sizes. For example, Pileated Woodpecker is of the highest concern for utility structure
damage, due to its substantially larger cavity size compared to other species [25–60 cm])
4

(Diamond and Ross 2020, Jackson and Jackson 2004). Understanding subtle differences between
species, both abiotic and biotic, that target similar resources can help guide mitigation and
prevention efforts.

Study Objectives
This thesis aims to help TVA: i) reduce costs associated with non-uniform protocols for
woodpecker damage replacement, ii) highlight areas where steel replacement will have the most
impact on cutting annum costs, and iii) identify areas of lower woodpecker species richness to
recommend areas with potentially reduced human-wildlife conflict. To meet these goals, I
created an ensemble damage distribution model to predict woodpecker damage suitability within
the service area. Using this information, I provided recommendations on geographic areas to be
prioritized for increased surveillance to detect woodpecker damage before structures fail. Also, I
recommended areas to increase replacement of wooden structures with those composed of more
woodpecker-resistant materials. Finally, I built a hierarchical community model of species
richness in the Picidae family within the TVA service area to better understand woodpecker
species responses to environmental covariates thought to be relevant from their similar life
histories. The overall goal of these three objectives is to provide predicted guidance to the power
company for mitigation of the costs and damages caused by woodpeckers in their service area,
and to increase our understanding of how woodpecker damage occurs in this region in response
to environmental variables and landscape configuration.
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Figures

Figure 1.1

Woodpecker Damaged Utility Structures

Locations of utility structures that have been replaced or are scheduled to be replaced that are
managed by the Tennessee Valley Authority across their service area which spans portions of
Kentucky, Tennessee, Mississippi, Alabama, and Georgia, and North Carolina, U.S (left).
Location within the U.S. (right).
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CHAPTER II
PREDICTING WOODPECKER DAMAGE IN WOODEN UTILITY STRUCTURES ACROSS
THE SOUTHEASTERN UNITED STATES USING ENSEMBLE SPECIES
DISTRIBUTION MODELING
Abstract
Predicting areas of human-wildlife conflict can reduce long-term costs associated with
safety of personnel and protecting valuable infrastructure resources. Woodpeckers, members of
the family Picidae, occur throughout North America with eight species occurring in the
southeastern United States. Utility companies operating within the southeastern United States
have accrued millions of dollars in costs per annum associated with repairs to infrastructure
directly related to woodpecker activities. Using records of wooden utility structures that were
replaced due to woodpecker activity and structures unaffected by woodpeckers (Tennessee
Valley Authority [TVA]), and environmental variables that are considered relevant to
woodpecker ecology, I calibrated a series of species distribution models based on popular
algorithms (Generalized Additive Model, Gradient Boosting Model, Maximum Entropy Model),
and an Ensemble species distribution model composed of the prior listed models to produce
predictive maps indicating woodpecker habitat suitability of the TVA’s service area. The
ensemble model tied with one of the contributing models (Gradient Boosting Model) for the
greatest predictive performance based on Area Under the Curve-Precision Recall (0.69)
compared to the Area Under the Curve-Precision Recall scores of Generalized Additive Model
9

(0.61) and Maximum Entropy model (0.64). The three highest contributing covariates to model
predictions included elevation (31–45%), tree canopy cover (20–22%), and thermal radiation
(17–19%). This study shows that species distribution model techniques can be used by utility
companies to predict usage of artificial structures in a human altered landscape. Of the TVA
service area, 55,117,409 acres were classified as mid-level risk of woodpecker damage (0.4–0.6
habitat suitability) and 13,057,695 acres were considered high risk of damage (0.6–0.89 habitat
suitability). These models will be used to direct mitigation efforts to increase efficiency within
TVA’s utility infrastructure.

Introduction
Human-wildlife conflicts will continue to be a source of economic and safety concern for
companies providing utilities to an increasing population of consumers as urban expansion
continues (Tomasevic and Marzluff 2020). The Tennessee Valley Authority (TVA) is a major
power supplier to customers in the southeastern United States. Since 2013, TVA has accrued $5
million (per annum) costs directly related to woodpecker cavity excavation in wooden utility
structures (personal communication). In addition to monetary costs, this damage by woodpeckers
can lead to increasingly unsafe working conditions for the employees performing maintenance
on the structures that can lead to serious injury or casualties if gone unnoticed. TVA is only one
of many power distributors reporting woodpecker damage across the United States and Canada
(Daigle 2013, Steenhof 2011).
Research examining the woodpecker-wooden utility structure relationship has primarily
focused on the mitigation of active woodpecker damage to wooden utility structures and repair of
structures once damaged (i.e., effectiveness of chemical or physical deterrents, effectiveness of
10

repair methods, etc.; Harness and Walters 2005). This reactive response to damage management
lacks a preventative approach to identifying areas of greatest concern relative to woodpecker
activity within the utility infrastructure. Understanding the key indicators of woodpecker cavity
site selection in utility structures is essential to predict areas where mitigation efforts should be
used to prevent avoidable costs and unsafe working environments.
Conditions that predict woodpecker cavity site selection is of importance for identifying
areas of likely woodpecker damage issues within power companies’ utility networks. Site
selection by woodpeckers for use in natural systems includes snags (defined as dead or dying
trees) as roosting or nesting cavity locations, and has been correlated to key indicators such as
tree diameter, age, and local habitat and microclimate (Rudolph and Conner 1991, Jackson and
Jackson 2004). Structural features of wooden utility structures tend to be far more uniform in
compared to natural snags, with their machining to similar diameters and absence of limbs
(Daigle 2013). Because utility structures are relatively novel features specific to
anthropogenically-altered landscapes, they pose a unique challenge in predicting conditions that
encourage woodpecker activity in treated structures. What is known about the natural
environmental conditions correlated with woodpecker occurrence may not be completely
applicable to anthropogenically-modified landscapes such as those that include utility
infrastructure. With limited empirical information about the environmental conditions (e.g.,
composition and configuration of the landscape) that facilitate woodpecker presence at the
landscape level, the use of ecological models may provide new insights to this conflict.
Species distribution models (SDMs) are a family of statistical models primarily used for
predicting suitability of conditions across a defined geographic area (Zhang et al. 2019). SDMs
use geospatially explicit occurrence and environmental data considered ecologically important to
11

the species in question to develop predictive maps of suitability (Guisan et al. 2017). Commonly,
but not exclusively, SDMs have been used to model rare and elusive species that are the focus of
conservation efforts. However, recently the use of these ecological tools has been repurposed to
evaluate and predict human conflicts with wildlife (Rutrough et al. 2019, Zhang et al. 2019).
Through the application of SDMs, areas of human-wildlife conflict in utility networks can be
better predicted allowing for more efficient damage management and risk prevention.
The six species of woodpecker mentioned, Hairy (Dryobates villosus), Downy
(Dryobates pubescens), Pileated (Dryocopus pileatus), Northern Flicker (Colaptes auratus),
Red-bellied (Melanerpes carolinus), and Red-headed (Melanerpes erythrocephalus), are
considered likely to damage utility infrastructure within the TVA service area (Shunk 2016). Life
histories of these six species include the use of snags for cavity construction and the excavation
of shallower holes in search of insect prey (Shunk 2016). Excavation behavior by woodpeckers
is the primary cause of conflict with the power infrastructure (Diamond and Ross 2020). It is
likely that this common behavioral characteristic of woodpeckers across the southeastern U.S.
and most of North America will provide for transferrable methods that are applicable to other
power infrastructure companies experiencing similar conflicts.
The objective of this study is to produce a regional damage suitability map, detailing the
likelihood of woodpecker damage in wooden utility structures within the TVA area. This map
will then be used to recommend priority areas for replacement of wooden structures to prevent
avoidable costs and damages resulting from woodpecker activities. In addition, the damage
suitability model will calculate the importance of individual environmental variables used in
model calibration to inform the pattern of conditions that may predict likelihood of the conflict in
future power infrastructure expansion.
12

Study Sites
This study took place across the TVA utility network in Mississippi, Alabama, Kentucky,
Georgia, North Carolina, and Tennessee, spanning approximately 108,264,488 acres (Fig. 2.1A).
TVA provided GPS locations of confirmed woodpecker damage sites within their systems
spanning from 2013 to 2020, and locations of the entirety of the wooden utility structure system
in their control (Fig. 2.1B). These sites are characterized by chemically treated southern pine
utility structures that range from 7.5–25 m in height. In addition, the immediate area surrounding
the wooden utility structures are cleared of all threats to the electrical lines and support structures
up to a 40 m linear distance around the power lines. This clearing of all landscape features near
the structures creates continuous right-of-way clearings across landscapes that traverse the TVA
service area.

Data
From 2013–2020, TVA recorded GPS locations of structures during routine maintenance
surveys that required replacement due to woodpecker cavity damage, totaling 3,296 presence
locations. I used R 3.6.1 (R Development Team 2019) and its package raster (Hijmans et al.
2020), to create a buffer of 752 m around each location of known woodpecker damage. This
buffer size corresponds to the documented average home range size of the Pileated Woodpecker,
the species with the largest home range of extant woodpeckers known throughout the TVA
service area. This buffer was used to calculate environmental covariate values within it that
pertain to woodpecker life history (Tomasevic and Marzluff 2018). The covariates include
thermal radiation (measurement of mean Earth surface temperature (°C) measured by satellite
infrared wavelength; Gorelick 2017), elevation (meters above sea level; 2016; (USGS 2019b),
13

canopy cover (percent of the 900 m2 pixel that is covered by tree canopy; 2016; (USGS 2019a),
normalized vegetation index (measure of vegetation greenness at 900 m2 pixel; 2016; NDVI;
(Gorelick 2017), and 2016 National Land Cover Data; NLCD; (Dewitz 2019).
I included thermal radiation as an indicator of average temperature (between April and
August 2016) as correlations between woodpecker cavity location and temperature have been
found in at least one species in this study (Wiebe 2010). The April-August time frame correlates
to the known breeding season in the region when cavity excavation is most frequent (Northern
Flicker; Wiebe 2010). I used NLCD class mixed forest (i.d. 43) as it indicates the most
predominant resource type available to woodpeckers in land space, and mixed forest indicates
the forest resources for woodpecker use (Dewitz 2019). Canopy cover provides of total area
covered by tree canopy in each 900 m2 cell (USGS 2019a). NDVI reflects the average
productivity vegetation within that cell (Gorelick 2017). Last, I included the abiotic factor of
elevation as a measure of topography of the sites as previous studies have found woodpecker
occurrence to be affected by elevation (Toblaske and Toblaske, 1999).
I used a Pearson correlation analysis to measure covariance of the environmental
variables before using them in SDMs (Puth et al. 2014). Bivariate Pearson correlation values
range from -1 to 1, and I used a common threshold for correlation (values being between -0.7 to
0.7 for acceptable correlation) to determine correlated covariates (Sabilla et al. 2019). I excluded
additional variables created from the NLCD layer including land cover types: shrubs, developed,
deciduous forest, and evergreen forest as they had higher correlation (r > 0.7). Last, I performed
a moving window analysis with a 752 m window size on all layers, except elevation, to obtain
the average proportion of the individual landcover class type across the entire TVA service area.
This was needed as the GPS coordinates occurred in open spaces cleaned for right of ways for
14

utility infrastructure, and therefore had homogenous conditions within 900 m2. Thus, using a
moving window I was able to detect the landscape context in the surrounding areas. None of
these variables were correlated to other predictor variables (-0.7 < r < 0.7).

Statistical Analysis
I used three model algorithms commonly used in SDM; Maximum Entropy (MaxEnt,
Phillips et al. 2006, Merow 2013), Gradient Boosting (GBM, Friedman et al. 2000, Natekin
2013), and Generalized Additive (GAM, Wood 2006) modeling to predict the suitability of the
TVA service area for woodpecker damage in wooden utility structures. These three models were
averaged into an ensemble species distribution model and used as the final product for predicting
damage suitability for woodpeckers across the TVA service area. MaxEnt and GBM are both
machine learning models, whereas GAM is a regression-based model (Friedman et al. 2000,
Wood 2006, Phillips et al. 2006). MaxEnt is a class of species distribution models commonly
used to predict areas of possible species occurrence based on presence-only data and
environmental predictors across a defined landscape (Merow 2013). MaxEnt uses the probability
distribution with the highest (maximum) entropy as the best representation of the current
knowledge about the system being predicted and has the fewest assumptions about the true
distribution of the data used (Merow 2013). MaxEnt makes use of binary classifications of points
(presence/absence), and the environmental layer values calculated at each pixel, to create an
output of the probability (scale of 0–1) that the area in the pixel is suitable for this species. In
addition, MaxEnt produces response curves that show the relationship of the species presence to
each individual covariant. MaxEnt was selected initially for its use of entropy principle which
differs from the tree-building and regression-based methods of GBM and GAM (Merow 2013).
15

Gradient boosting modeling (GBM) is a type of machine learning for classification and
regression questions that uses decision trees in a stage-wise fashion to accumulate predictive
strength (Natekin 2013). The learning process for these models involves adding new models to
the earlier forms sequentially, resulting in a more accurate estimate of the response variable
(Natekin 2013). GBM was chosen as it builds in this stage-wise fashion and generalizes the trees
to optimize them using a loss function which increases accuracy of the predictions (Bissacco et
al., 2007; Hutchinson et al., 2011; Pittman and Brown, 2011; Johnson and Zhang, 2012). As the
type of data to be used in these models is binary (presence or absence of woodpecker damage at
a site), I used a Bernoulli distribution with two model runs being performed to determine the
optimum tree complexity (being 5 or 10, learning rate 0.01 or 0.05). The model determined to
have the greater tree complexity (complexity 5 and learning rate 0.05) was selected to contribute
to the ensemble SDM.
Generalized additive modeling (GAM) is a generalized linear model that is composed of
many smoothing functions of the variables instead of, or in addition to, the standard linear
variable effects, which allows for the incorporation of nonlinear forms of prediction (Clark
2019). GAMs are considered easy to interpret, have relatively flexible predictor functions, and
are known for their regularization of predictor functions that helps prevent overfitting (Wood,
2006). Specifically, I chose binomial response variable (presence, absence) for the GAM model
with the “logit” link specified.
I used the R packages mgcv to run the GAM model (Wood 2018), dismo for MaxEnt
(Hijmans et al. 2017), and gbm for GBM (Greenwell et al. 2019), all within R 3.6.1 (R
Development Team 2019). I formed models using the binary data of woodpecker
presence/absence as the response variable, and environmental variables associated to those
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presences/absences at 900 m2 resolution. To remove autocorrelation effects and balance the
presence/absence locations, I removed all absence locations within a 752 m buffer of each
presence location and then randomly selected amongst the remaining absence locations for points
to use in the models using the “Random Points” feature in ArcMap 10.7 (ESRI 2019). I retained
3783 absence locations for use in the models. For model calibration, I split the occurrence data
using a k-fold value of 5 (k-fold value indicates the number of even groups data is split into at
random) and used four groups (80% of data) to train the model and the remaining group (20% of
data) as validation data. I used this calibrated model, based on the presence and absence’s
locations, to predict across the extent of the TVA service area for suitability for woodpecker
damage.
As a measure of model performance, I calculated the metric precision recall of the area
under the receiver operating characteristic curve (AUC-PR; Elith et al. 2006). The AUC-PR
score ranges from 0.5 (random classifier, or the model cannot predict better than random) to 1.0
(perfect classifier, or where the accuracy of the model is 100%) and is a common metric used for
SDM performance estimate (Guisan et al. 2017). I evaluated the importance of each individual
environmental variable using relative contribution for machine learning models (GBM and
MaxEnt) and p-value outputs for the regression-based GAM (Guisan et al. 2017). I considered α
= 0.05 for all calibration and validation for model.
I developed the ensemble suitability model built from the weighted performance of the
three contributing models (Thullier et al. 2003a). Ensemble modeling is a method used for
averaging the predictions of individual models to find areas of agreement and mitigate the
discrepancies between different model assumptions for a more concise prediction (Guisan et al.
2017). Each model’s contributing weight was calculated by dividing its individual AUC-PR
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score by the sum AUC-PR of all models (Trolle et al. 2014). To calculate the ensemble, I
multiplied each value of probability of suitability for woodpecker damage, for each model by the
model weight, then summed across models to form the final ensemble model predicted over the
TVA service area. The final AUC-PR score of the ensemble was calculated in the same fashion
as the contributing model, by comparing the predicted values of the model against the true
presence/absence location values (Arajuo et al. 2005). This final model made use of the same
damage suitability index score (0–1.0 scale) to represent the value at each pixel for suitability of
woodpecker activity, and produces a unique predictive map of the TVA service area. I
categorized the suitability scale into 3 categories (0–0.4 being low, 0.4–0.6 medium, and 0.6 +
high suitability for woodpecker damage). I defined contribution of each covariate to the overall
model as the weight of the covariate in the prediction out of the total covariates used (Table 2.1).

Results
Among the covariates included in my three models and the ensemble model, elevation
contributed 31–45% to model predictions, canopy cover contributed 20–22%, and thermal
radiation contributed 17–18% (Table 2.1). The highest performing models based on AUC were
the ensemble and GBM (both AUC-PR = 0.69; Fig. 2.4, 2.6) followed by MaxEnt (0.64; Fig.
2.5) and the GAM performing the lowest (0.61; Fig. 2.3). All models provided evidence that as
NDVI values increased on the landscape the likelihood of woodpecker activity in wooden utility
structures increased (Fig. 2.7), and as mixed forest landcover increased the likelihood of
woodpecker activity decreased (Fig. 2.7). Once the elevation value reached 500 m above sea
level the likelihood of woodpecker activity increased with elevation (Fig. 2.7). Results from the
thermal radiation parameter indicated that woodpecker response was negative as temperature
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increases, though the variation was minimal (2° Celsius difference in locations). Nevertheless,
this variable still contributed third most significantly to model prediction (Fig. 2.7, Table 2.1).
After canopy cover reached 50% or higher the probability of woodpecker damage in utility poles
decreased (Fig. 2.7).
The ensemble output indicated that areas in the southern region of the TVA service area
(northern Mississippi and Alabama) exhibited the greatest concentrations of high damage
suitability to wooden utility structures by woodpeckers (Fig. 2.6). The geographic area of
southwestern Tennessee was indicated to be of medium damage suitability (Fig. 2.6), while the
majority of eastern and central Tennessee and southern Kentucky were of low damage suitability
(Fig. 2.6). Acreage predictions of the low, medium, and high risk categorizes varied across
models, but all indicated the above-described service area suitability trends are consistent. (Fig.
2.3–2.4). MaxEnt predicted 11,569,578 acres of low suitability, 44,844,344 acres of medium
suitability and 51,850,566 acres of high suitability (Table 2.2). GAM predicted 72,163,696 acres
of low risk, 32,830,488 acres of medium risk, and 3,270,304 acres of high risk (Table 2.2). GBM
predicted 56,700,418 acres of low risk, 43,770,308 acres of medium risk, and 7,793,762 acres of
high-risk acres (Table 2.2). In the ensemble model, 40,089,384 acres were detected as low risk,
55,117,409 acres were medium risk, and 13,057,695 acres were considered high risk (Table 2.2).

Discussion
In areas where forest resources have been diminished through mid-level development and
fragmentation of the landscape, woodpecker activity in human infrastructure will likely continue
to be a source of conflict (Mulqueen 2017, Steenhof 2011). Traditionally, in development
projects and urban/rural planning, dying trees and snags are considered detrimental to safety of
19

both humans and property when left within a certain radial distance of the power infrastructure
(Fröhlich and Ciach 2020). Loss of snags can exacerbate woodpecker-human conflicts as
humans systematically remove resources necessary for woodpeckers and install aesthetically
similar wooden structures in the same space (Fröhlich and Ciach 2020, Daigle 2013). This
practice is likely a contributing factor by TVA as they maintain their service routes. As power
companies continue to alter the landscape, remove resources directly related to woodpecker
cavity creation, and install relatively similar structures that can be utilized by the birds, this
conflict will likely not be resolved.
The positive correlations between damage suitability and elevation levels (after 500 m),
mixed forest landcover (until 50%), and tree canopy percentage (until 50% coverage), are likely
due to the available resources surrounding the wooden utility poles and the larger landscape.
Woodpeckers not only require snags to excavate their cavities, but also additional resources are
needed for foraging, hunting, and rearing young (Morandi et al. 2019). This finding likely
reflects that in areas with deficiencies of forest resources, such as areas with low canopy
percentage and low mixed forest land cover, woodpeckers are less likely to be present to cause
damage in wooden utility structures as larger landscape resources will not support species. In
contrast, in areas with an abundance of resources, woodpeckers are also less likely to damage
wooden utility structures in our response curve predictions. One explanation can be resource
supplementation in which damage to wooden utility structures is a result of areas where snags
are not overly abundant but other resources are sufficient for woodpeckers to occur. In areas
where resources are saturated for foraging, rearing young, and nesting, wooden utility structures
may be less favorable than natural snags, but further investigation into this is necessary. An
additional route to explore in the woodpecker-wooden utility structure relationship is whether the
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site level alterations make these structures more attractive to woodpeckers through risk reduction
for predators (such as raptors, snakes, or other nest predators) as these structures are cleared of
surrounding vegetation, limbs or bark that may facilitate access to the cavities, and visual
clearance is greater. Again, more investigation is needed.
From the response curves from the MaxEnt model (Fig 2.7), it can be noted that the
relationship between woodpecker damage suitability and the three vegetation covariates (NDVI,
mixed forest land cover, and tree canopy percentage) consistently has a trend of suitability rising
until a particular threshold (NDVI 80%, mixed forest land cover 40%, and tree canopy 50%) at
which it decreases. This trend amongst all vegetation estimates suggests that woodpecker use of
these novel structures is likely tied to local and landscape resources. In contrast, thermal
radiation has a negative relationship with woodpecker damage suitability as the overall
temperature rises, even in the small window of detected temperatures (less than 2°C difference).
This suggests that woodpecker species may be sensitive to minute temperature conditions of
their nest sites, but little literature exists on climate relationships and avian species outside of
insectivorous passerines and seabirds (Wiebe 2011). The highest contributing covariate,
elevation, had a positive linear relationship between woodpecker damage suitability after the
elevation reached 500 m above sea level until the maximum value of 1242 m (Fig 2.7). This
might suggest a relationship between elevation and woodpecker resource usage, as vegetation
changes with topography. Other studies have found relationships between woodpecker species
and elevation thresholds, but more exploration into this is required to exclude the possibility that
elevation is more predictive of wooden utility pole placement on the landscape than woodpecker
activity.
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Due to the nature of this study, modeling an event (damage) by multiple species in an
altered landscape in uniformly created resources, the variation between each location in covariate
values is likely less than traditional studies using species distribution model techniques. This can
lead to more similar values being used for the calibration and validation data sets which can lead
to higher occurrence of type I and II errors in the models. While the high environmental
similarities between the presence/absence locations, and the alteration of the landscape
immediately around the structures likely negatively impacted the performance of the models, this
study does have the advantageous attribute of using both presence and absence data to predict
these incidents. Many species distribution models are limited in their precision as they generally
rely on presence locations alone and artificially create pseudoabsences to contrast against the
presence locations and environmental values (Zhang et al. 2019). This pseudoabsence method is
common in SDM literature because of the inability of observers to determine false or true
absence typically in surveys (false absence being defined as a species present but undetected),
and a propensity to opportunistically collect occurrence data (Giusan et al. 2017). This study
highlighted the value of collecting absence locations, when the opportunity is available, for
ecological modelling and the impacts these absences can have on the predictions used for
management.
Repurposing ecological modeling tools, such as species distribution models, to mitigate
and inform management on cases of human-wildlife conflict can be useful to reduce safety and
economic impacts to companies. However, this poses unique challenges for researchers. Use of
multiple species distribution models to address the same issue and averaging the outcomes is
considered superior to the use of individual models as it reduces the impact of over and underfitting found among individual models (Thullier et al. 2003a). While the ensemble model in my
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study tied as the best performing model with the GBM using AUC-PR value, this result is
atypical of the pattern found with ensemble modeling as they generally outperform their
contributing models. This likely reflects the inherent difficulties in modeling wildlife usage of
both homogenous human-created resources in a uniformly altered landscape with constrained
absence locations (Woodman 2019). This is further confounded by the occurrence data of
damage reflecting multiple species in the TVA service area. This can negatively impact the
precision of the model as each species has different site level specifics they prefer and the linear
nature of the power transects can create underlying autocorrelation issues. This is further
reflected in the low variability of AUC-PR among all models (0.61–0.69) which is atypical of the
literature where there is a larger value range between models used in an ensemble (typically
models perform ≥ 0.10 points or better unless they are all high performing; Guisan et al. 2017).
Compared to studies that have used pseudoabsences in species distribution models, the AUC-PR
would be considered “poor” performing. However, this is not unexpected when utilizing
constrained absences, especially when the immediate environment has been altered in a uniform
way as non-random absences reduce variability in the locations to predict from (Guisan et al.
2017). Although the models all ranked moderately on the AUC-PR scale, I believe they have
identified areas of concern for the damage as all three independent models had similar overall
suitability trends.
Inference limitations of my study include bias introduced from data containing only the
most severely damaged transmission structures (15–46 m height; 160 KV power) with less
severely damaged structures not included in the presence data set. Thus, my sample did not
represent all woodpecker damage to utility structures in the service area. In addition,
distribution-level power systems (14 m or less in height) were absent from this study because
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they are maintained by smaller local power companies and are less of a concern due to
substantially lower financial investment by power companies for replacement, and lower impact
on communities. These data are also constrained to binary, single observation models because
structures are replaced with impermeable materials that make reoccurrence impossible.
Of importance to note is the distinctions between this study and a traditional species
distribution model analysis. In typical species distribution models, each location is associated
with a specific species and the goal is to predict areas of and conditions that are associated with
that species occurrence (Guisan et al. 2017). In contrast, this study used damage records from the
activities of multiple species which resulted in a specific outcome (e.g., replacement of poles due
to woodpecker damage). This distinction, in addition to the uniform structures these events occur
in, likely had a negative impact on the precision and accuracy of the models. However, all still
performed above random and predicted models in similar ways.
I neither predicted all woodpecker activity in the TVA service infrastructure, nor was it
my intent to model woodpecker nest occurrence as my inference was limited to cavity creation
that was deemed by TVA to be severe enough to the structure to warrant replacement.
Improvements suggested for this study include i) further surveys of species composition using
the wooden utility structures to better inform environmental variate selection and predict damage
to the structures as linked to individual species, ii) inclusion of both transmission and
distribution-level power infrastructure, and iii) locations of units that have been replaced with
wooden structures and that should be monitored more closely to ascertain conditions that
encourage re-colonization.
This study exemplifies that repurposing tools traditionally used for conservation and atrisk species planning can be used to ameliorate human-wildlife conflicts. This study also
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exemplifies the suite of novel challenges associated with repurposing SDMs in this way. While
the overall performance of the ensemble model was not improved over the greatest performing
contributing model (GBM; based on the AUC-PR score), I believe that it represents the most
accurate portrayal of landscape suitability and present it as a tool for conflict mitigation. This
model can be refined and updated as the woodpecker-power infrastructure conflict evolves with
new occurrence information and new environmental data becoming available. I believe that this
type of tool would be useful for local, domestic, and international companies facing the same
conflicts with cavity building species.

Management Implications and General Conclusions
Woodpeckers require specific conditions for cavity site selection and constructing these
cavities is an integral part of their reproductive strategy (Rudolph and Conner 1991). Removing
forest resources from areas of extant woodpecker populations and replacing those resources with
artificially similar structures is likely to be a continuing challenge for utility companies until the
use of impermeable materials becomes the common practice.
Most research on relationships between woodpeckers and wooden utility structures has
focused on either the effectiveness of deterrent methods, repairs after damage has occurred, or
prevention of further damage once activity has been found in structures (Harness and Walters
2005, Steenhof 2011). Research on these topics has provided mixed results for most deterrent
methods, often providing temporary stopgaps only (Harness and Walters 2005). Currently, the
only fully effective long-term measure for prevention of woodpecker activity in a wooden utility
structure is the use of impermeable materials for structure construction. Thus, I encourage the
use of those materials (Harness and Walters 2005). Long-term costs and safety will be improved
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for companies through organized planning of replacement of wooden structures throughout the
service area. In this study, areas with either extreme abundance or deficiencies in forest resources
for woodpecker use were less likely to be areas of high cavity creation in wooden utility
structures. Selection of areas for implementation of wooden structures should likely be evaluated
before construction begins, and these areas of less suitability for cavity creation should be
prioritized for power transmission.
My model indicates that northern Mississippi and Alabama are likely areas of high risk
for damage and should be prioritized for replacement of wooden utility pole structures when
resources allow. The majority of Tennessee and southern Kentucky were found to be less
suitable for woodpecker damage, despite being where much of the power infrastructure is
located, with only relatively small patches of high-risk areas found in eastern Tennessee. It is
recommended that areas with > 0.6 HSI score (13,057,695 acres) on the predictive map (Fig. 2.6)
should be prioritized for replacement after addressing structures that pose safety risks to both
service and personnel. Further the medium risk acres, HSI score of 0.4–0.6, should be prioritized
after these high-risk areas have been addressed (55,117,409 acres) (Fig 2.6, Table 2.2).
I believe that this model provides a realistic prediction of wildlife usage of artificial nonrandom resources in a human-altered landscape. The acknowledged limitations and
recommended improvements mentioned would likely increase the performance of woodpecker
damage to utility structures and increase confidence in the outputs being used by industry
personnel. In addition, increased understanding of woodpecker cavity site selection would
greatly increase the ability of researchers to predict and mitigate woodpecker damage.
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Tables
Table 2.1

Species Distribution Model Variable Relative Importance

Variable

GAM

GBM

MaxEnt

(p-value)

(% Contribution)

(% Contribution)

Elevation

< 0.01

31.40

45.00

Thermal

0.06

17.76

18.90

NDVI

< 0.01

15.10

9.30

Canopy Cover

< 0.01

20.57

22.50

Mixed Forest Landcover

< 0.01

15.11

4.30

Variable importance for each contributing model to ensemble model. MaxEnt and GBM both use
a percentage that each variable contributed to the model prediction out of 100% and GAM uses
the standard 0.95 Confidence Interval for p-value to determine significance of variables.
Covariates as listed are elevation (meters of above sea level), thermal (thermal radiation as a
measure of average temperature), NDVI (normalized vegetation difference index measuring
green vegetation), proportion tree canopy percentage (percentage of landscape covered by
canopy), and proportion of mixed forest (percentage of mixed forest).

Table 2.2

Acres by damage suitability for each model

Habitat Suitability Value

GAM Acres

GBM Acres

MaxEnt Acres

Ensemble Acres

Low Risk (0.0–0.4)

72,163,696

56,700,418

11,569,578

40,089,384

Medium Risk (0.4–0.6)

32,830,488

43,770,308

44,844,345

55,117,409

High Risk (0.6-Maximum 3,270,304
7,793,762
51,850,566
13,057,695
Value for Model)
Number of acres within Tennessee Valley Authority service area classified in low, medium, or
high risk for woodpecker damage in wooden utility structures in the Generalized additive model
(GAM), Gradient boosting model (GBM), Maximum Entropy (MaxEnt), and the ensemble
species distribution model predictive maps.
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Figures

Figure 2.1

Geographic location of study site and location data of presence-absence points.

Study area of Tennessee Valley Authority power service area (Tennessee, Alabama, Mississippi,
Kentucky, Georgia, and North Carolina, United States) (right) with location referenced in United
States (left). Locations of utility structures plotted against landcover of TVA service area. Red
dots indicating locations of replaced structures and green points indicating structures not
associated with woodpecker damage.
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Figure 2.2

Damage example in wooden utility structures.

Single power transmission structure with an active Northern Flicker (Colaptes auratus) nest at
center of wooden utility structure (left). Adult present at cavity entrance (right).
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Figure 2.3

Damage suitability model prediction of Generalized Additive Model.

Generalized Additive Model (GAM) predictive map of damage suitability of woodpecker cavity
occurrence in wooden utility structures for TVA service area. Damage suitability in this study is
based off the habitat suitability index (HIS) commonly used in species distribution models to
predict the capacity of a given location to support a species. Scale ranges from 0–0.89 damage
suitability value. General damage suitability scale ranges from 0–1, with 0 reflecting very low
suitability and 1 very high suitability.
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Figure 2.4

Damage suitability model prediction of Gradient Boosting Model.

Gradient Boosting Model (GBM) predictive map of damage suitability of woodpecker cavity
occurrence in wooden utility structures for TVA service area. Damage suitability in this study is
based off the habitat suitability index (HIS) commonly used in species distribution models to
predict the capacity of a given location to support a species. Scale ranges from 0.0–0.94 damage
suitability index value. General damage suitability scale ranges from 0–1, with 0 reflecting very
low suitability and 1 very high suitability.
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Figure 2.5

Damage suitability model prediction of Maximum Entropy Model.

Maximum Entropy (MaxEnt) predictive map of damage suitability of woodpecker cavity
occurrence in wooden utility structures for TVA service area. Damage suitability in this study is
based off the habitat suitability index (HIS) commonly used in species distribution models to
predict the capacity of a given location to support a species. Scale ranges from 0.02–0.90 damage
suitability index value. General damage suitability scale ranges from 0–1, with 0 reflecting very
low suitability and 1 very high suitability.
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Figure 2.6

Damage suitability model prediction of Ensemble Damage Model.

Ensemble Model predictive map of damage suitability of woodpecker cavity occurrence in
wooden utility structures for TVA service area. Damage suitability in this study is based off the
habitat suitability index (HIS) commonly used in species distribution models to predict the
capacity of a given location to support a species. Damage suitability values range from 0.0–0.89.
General damage suitability scale ranges from 0–1, with 0 reflecting very low suitability and 1
very high suitability.
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Figure 2.7

Maximum Entropy response curves for suitability and covariate values

Response curves showing predicted probability of suitable conditions (damage suitability)
against environmental covariate values (elevation; elevRS, thermal radiation; TherMW752,
NDVI; NDVIMW752, mixed forest land cover; ForMW752, tree canopy cover percentage;
CanMW752). Values below 0 indicate no data values in the covariates (aquatic land covers).
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CHAPTER III
WOODPECKER COMMUNITY RESPONSE TO ENVIRONMENTAL CONDITIONS AND
LANDSCAPE METRICS AS DETERMINED BY BAYESIAN
HEIRARCHICAL MODELING
Abstract
Woodpeckers cause conflict when they excavate cavities in wooden utility infrastructure,
which in turn creates concerns for safety and potential disruption of power supply. It is unknown,
however, the extent to which woodpecker community composition exacerbates these concerns. I
assessed the relative importance of landscape characteristics to the presence of six woodpecker
species across a power supply network area using North American Breeding Bird Survey records
(2013–2019) and a multispecies occupancy hierarchical community model. The six landscape
characteristics I used to model woodpecker community distribution included elevation (meters
above sea level), canopy cover (percentage of area covered in tree canopy), thermal radiation (a
measure of temperature across the landscape), the normalized difference vegetation index
(percentage of green vegetation on landscape), and landcover heterogeneity (as measured by
interspersion and juxtaposition index and percentage of landscape of forest). Of these predictor
variables, thermal radiation index had the most differing species richness across its values. When
thermal radiation values reached high or low extreme values of its range woodpecker species
richness dropped by 1 (from 3 species estimated to 2). The remaining five variables had uniform
species richness estimates (2.5–3 species) across the value ranges examined. Overall, these
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results indicate that woodpecker community species richness was consistent across most of the
TVA service area and there was not enough variation in community values on which to
formulate specific management recommendations.

Introduction
Human-wildlife conflict between power companies and woodpeckers has been an
ongoing area of financial and safety concern since the inception of wooden power transmission
structures (Mulqueen 2017, Rumsey 1970). Woodpecker activity in wooden utility structures is
characterized by excavation of cavities for nesting or roosting and surface damage related to
foraging for insect prey (Shunk 2016). This damage can result in wooden utility structures that
have reduced stability and integrity against wind and other environmental stressors (Daigle 2013,
Steenhof 2011). This issue is not limited to the North American continent but extends to
countries found throughout the Holarctic region of the world (Dennis 1964). While the issue is
typically addressed through reactive prevention methods (e.g., wire mesh installments, predator
decoys, and chemical treatments to the wooden structures), mitigation efforts are often enacted
only after damage has occurred (Harness and Walters 2005).
Woodpeckers are a specialized group of near Passerines found worldwide, and are
considered keystone species as they can build their own cavities in live, dying, or dead trees, and
a variety of other species rely on these for their life histories (Winkler et al. 2020). However,
where multiple woodpecker species overlap, this specialization can result in competition for
resources, wooden utility structures in which they nest and roost (Rudolph 1990). In the TVA
service area, six species of woodpeckers are suspected of causing damage to power
infrastructure, and the degree of competition for these locations may depend on the surrounding
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landscape. These species include Hairy Woodpecker (Dryobates villosus), Downy Woodpecker
(Dryobates pubescens), Pileated Woodpecker (Dryocopus pileatus), Northern Flicker (Colaptes
auratus), Red-bellied Woodpecker (Melanerpes carolinus), and Red-headed Woodpecker
(Melanerpes erythrocephalus). All species included in this study require dead or dying trees
(referred to as snags henceforth) for roosting and nesting, but foraging habits of the various
species differ at the site level (Pileated Woodpecker typically excavate dead trees for insects,
Northern Flicker predominantly foraging on the ground for ants, and Red-headed Woodpecker
capture prey in flight (Jackson and Jackson 2004, Shunk 2016). Understanding the composition
of the woodpecker community given the landscape features across the TVA service area where
this human-wildlife conflict occurs can therefore help focus efforts where damage from multiple
species might be greatest within a utility network.
Each of these species has landscape-level characteristics associated with their occurrence
(Shunk 2016). Pileated Woodpecker is most common in the southeastern U.S. in mature forests
with presence of snags throughout. In the Southeast, they have been found to occur in mature
oak-hickory forests with dense undergrowth (Shunk 2016, Tomasevic and Marzluff 2020).
Northern Flicker are the most widespread woodpecker in North America and are found in a
variety of landscapes (woodlands, swamps, suburbs, mature forests, etc.), but are most likely
found on edges of forests or woodlands that border an open woodland or grassland as this
facilitates ground foraging (Wiebe and Gerstmar 2010). Red-headed Woodpecker are most
associated with open pine and deciduous forests with snags available for both nesting and flycatching (capturing prey on the wing), and are uncommon in forests lacking clear understory
(Moskovits 1978). Red-bellied Woodpecker are largely generalists and are common throughout a
variety of forest types, but are known for having elevation limits in mountainous areas (1830 m
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above sea level at their highest detection) (Shunk 2016). Downy and Hairy Woodpecker are both
most associated with mature forests that have open understories, but Downy Woodpecker are
known for occupying smaller size and age class stands than all other species mentioned (Shunk
2016).
Woodpeckers in the southeastern U.S. cost the Tennessee Valley Authority (TVA) an
estimated $5 million annually s to address damage to their power network. Typically, structures
are replaced when woodpecker cavity excavation is thought to be severe enough to affect the
integrity of the structure (Daigle 2013, Steenhof 2011). The severity and speed of damage to
utility structures can vary between aforementioned species, but degree of damage is generally
correlated to size of the cavities created in natural snags and placement along the length of the
structure (Daigle 2013, Steenhof 2011).
Each species of woodpecker represents some level of damage risk to wooden utility
structures, and this warrants this human-wildlife conflict to be examined at the community level.
It is important to understand how characteristics of the surrounding landscape can influence
species composition within woodpecker communities. Using species composition as an analog
for the likelihood of damage to wooden utility infrastructure can provide information to utility
companies to help address issues before they occur. With this goal in mind, I modeled
woodpecker community composition using measures of species richness in relation to a variety
of landscape metrics within the TVA service area.
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Methods
Study Site
TVA is a power supplier for much of Tennessee, Alabama, Kentucky, Georgia, North
Carolina, and Mississippi, a service area that encompasses approximately 20,700,000 ha (Fig.
3.1). Within the TVA service area there is 2,859,847 ha of developed landcover, 3,885,358 ha of
mixed forest, 12,183,615 ha of deciduous forest, 2,503,425 ha of evergreen forest, 712,939 ha of
grasslands, 5,968,732 ha grasslands, 4,336,142 pasture/hay landcover, 737,917 ha of shrub
landcover, and the remaining landcover types being areas not considered relevant landcover to
woodpecker species (e.g., open water, wetlands). Elevation ranged from 0 to 2034 meters above
sea level, thermal radiation ranged from 29° Celsius to 32.06° Celsius, canopy percentage varied
between 0 and 100%. The area I used to develop my model exceeds the parameters of the TVA
service area by approximately 10,000,000 ha.

Breeding Bird Survey Data
Long-term data sets have proven effective for understanding and moderating humanwildlife conflict (Smith et al. 2014). The Breeding Bird Survey (BBS) project managed by the
U.S. Geological Survey (USGS) since 1966 is a long-term data set structured around collecting
detection data of avian species across North America (Canada, United States, and Mexico; Saur
et al. 2014). Currently, the BBS provides population and distributional information for over 500
North American species of birds allowing insight into the changes in the spatial distributions of
these populations through time (Pardieck et al. 2015). Across the TVA service area there are 96
individual BBS routes, with each route consisting of 50 locations (1 random starting location and
49 systematic points following every 0.5 mile) along the roadside where surveyors record
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auditory detections of avian communities annually during May–June. As BBS records are
geographically linked point data, I buffered the starting point of each route with a 41 km radius
(equating to 4100 ha circle) to capture the larger landscape composition around all 50 points in
each route. BBS data were chosen over similar citizen science programs, such as ebird, for the
availability of long-term, standardized data collection across the entire region. In addition, most
participants of BBS surveys are established to have experience with avian auditory detection by
the program coordinators for each state.
I examined four environmental covariates and two landscape metrics that may influence
the distribution of woodpecker communities: thermal radiation as a measure of temperature
across the landscape (Gorelick 2017), elevation (2016; USGS 2019b), canopy cover (2016;
USGS 2019a), and normalized difference vegetation index (NDVI; average green vegetation;
Gorelick 2017); each at a 900 m2 resolution. I calculated forest (mixed forest) landcover
percentage (PLAND) and the interspersion and juxtaposition index (mixed forest (IJI) using a 41
km radius buffer around the routes as measures of landscape heterogeneity and composition
using the landscapemetrics R package (Hesselbarth 2020).

Hierarchical Models for Communities
I used a Bayesian hierarchical community model to estimate woodpecker community
richness in relation to the above-mentioned environmental variables. This method allows for
modeling of both community and individual species responses to covariates and accounts for the
imperfect detectability of species (Kery and Royle 2016). Parameters of the model are: i = site
number (i.e., route), k = number of species, J = number of surveys at each route, z = occurrence
information (binary 0/1), pk = species detection probability, Ψk = species-specific parameters of
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occupancy, and ysumik = two-level detection frequency data for all species (6) and sites (4800).
Priors were specified as the baseline community detection probability and size (0, 1.0; Kery and
Royle 2016). All these were used in the two-step model process:
Process model: zik ~ Bernoulli (Ψk)
Observation Model: ysumik | zik ~ Binomial(Ji, zikpk)
The utility of these hierarchical models is that they can be used to describe the occurrence
of the woodpecker community, allowing estimation of detection and occupancy (Kery and Royle
2016). Through these analyses I used a Markov Chain Monte Carlo (MCMC) of 3 chains with
50,000 iterations and a burn-in of 5,000. Iterations were thinned, with only each third iteration
taken to determine the occupancy estimate of the individual species. Given species-specific
results and the detection error, I calculated species richness as a function of each covariate in
individual models (elevation, PLAND, IJI, thermal radiation, NDVI, and canopy cover
percentage) using a regression (below) with cubic polynomial values for the environmental
covariates with two residual components using 3 MCMC chains (12,000 iterations and a 2,000
burn-in); again, iterations were thinned to every 10th iteration (Kery and Royle 2016). These
analyses were carried out using the R package jagsUI (Kellner 2019) (v. 3.6.1; R Development
Team 2019). pD scores (effective parameter estimate score) and deviance information criterion
(DIC) scores were estimates for each model and used to assess model confidence of each
variable. I calculated the DIC score using the pD score (pD = var(deviance)/2) comparing DIC
values among models to identify variation in model performance. DIC scores were used in this
study to assess that the credibility of each variable relationship was like others used or if certain
variable models performed significantly less than others.

45

Results
There were 5,886 detections of presence of six species across 96 BBS routes (4800 points
total) locations from within the TVA service area during 2013–2019. Occurrence observation
counts ranged from 299 to 2,557 for individual species (Table 3.1). There was a clear
relationship between the observed number of species and the number of known occupied sites
(Fig. 3.2). Occupancy error varied by species whereas detection error was < 0.2 across all species
(Figs. 3.3).
All models exhibited convergence in their trace plots and a R-hat value of 1.0 (R-hat is a
convergence diagnostic which measures if the Markov chains mixed well if they did not R-hat
will be above 1.0) (Kery and Royle 2016). For all six environmental variables, models estimated
between 2 and 3.0 species at each location across the entire range of values (Fig. 4). Thermal
radiation, tree canopy cover, and elevation all indicated that species richness was lowest at
extreme ends of value ranges (Fig. 3.4). PLAND, IJI, and NDVI, all predicted consistent species
richness across values (Fig 3.4). Confidence in these predictions is supported by both the 95%
credible intervals of each model being narrow and the consistency of species richness found
amongst all regressions of covariates (Fig. 3.4, Table 3.1). The highest performing model by DIC
value was agriculture (DIC = 12,618) and the lowest was mixed forest landcover (DIC = 12,852)
(Table 3.2). All other variables DIC scores ranged between these with the variation in DIC being
less than 200 points (Table 3.2).

Discussion and Management Implications
Species richness varied minimally across the TVA service area. While the diversity of
woodpecker species was predominantly uniform, it is worth noting that detection of individual
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species varied greatly, with Hairy Woodpecker, Northern Flicker, and Red-headed Woodpecker
detected infrequently. These three woodpecker species have shown varying degrees of
population decline across their ranges in recent decades (Birdlife International 2016, Kaufman
2001, Koenig et al. 2017). Evidence indicates that Red-headed Woodpecker are
disproportionately using wooden utility structures throughout the TVA service area (TVA,
unpublished data). Disproportionate use of wooden utility structures by Red-headed Woodpecker
suggests that nesting within wooden utility structures may be a factor contributing to their
population decline as nest success rates for this species are known to be lower than in natural
cavities (Rumsey 1970).
This study, with its consistent estimates of richness across all values, indicates that
wooden utility structures are not risk-free from woodpecker damage at any location in the TVA
service area. When applying models to predict differences in species richness within a landscape
it is assumed that environmental conditions and the presence of biotic factors, such as
community interactions, will drive the variations observed in populations (Hodkinson 1999).
Traditionally, these models have been used to monitor and assess change in communities over
time and predict how communities will respond to changing environmental conditions (e.g.,
because of climate change or land use change; Hodkinson 1999). However, these models can
also provide insights into the underlying patterns that may predict a human-wildlife conflict and
they can inform choices of urban planning. In my study, whereas it was initially believed that the
community model would be able to detect distinct variation in species richness against
environmental variable value ranges, and therefore areas with less species richness for wooden
utility infrastructure, I saw consistent richness (3 species, maximum possible of 6) predicted
across the TVA service area.
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One study limitation is that I used breeding bird data which are collected during the
summer breeding months (Sauer et al 2014). As such, these data do not incorporate migratory
species, such as Yellow-bellied Sapsuckers, which may influence community interactions when
they are present (Speights and Conway 2010). An additional improvement to this study would be
unique GPS locations for each of the 50 points within each route to allow for buffering the
landscape characteristics of each location to correlate to its occurrence record. Overall, through
this study I was able to detect only limited results that would be considered informative enough
to guide management activities for Tennessee Valley Authority.
Although this model did not end with clear results to help inform TVA mitigation efforts
and give strong insight into the woodpecker community in the region, it does establish a starting
point for companies facing a similar conflict with wildlife to begin exploring alternative methods
that may prevent monetary damage and unsafe working conditions before they occur. In relation
to this human-wildlife conflict, the predominant approach historically has been to mitigate and
repair damage once woodpecker activity has begun, but little research has explored the
ecological processes and landscape trends that facilitate this activity. As the effectiveness of
reactive tactics is limited at best and this conflict has only become more prevalent in recent years
as power distribution increases, it will likely be more cost effective and safer for workers for
more preventative studies to be conducted, and to increase our understanding of the underlying
causes of this conflict.
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Tables
Table 3.1

Detection counts of the six woodpecker species in the Tennessee Valley Authority
service area as determined for 4,800 BBS point count locations where surveys
were conducted 2013–2019. Credible intervals for the number of locations each
species can be detected at.
Credible Interval

1
2

Species

Detections1

Hairy Woodpecker

303

Downy Woodpecker

1,220

2,721–3,233

Pileated Woodpecker

1,007

2,046–2,435

Red-headed Woodpecker

500

1,053–1,356

Red-bellied Woodpecker

2,557

3,543–3,742

Northern Flicker

299

1,319–2,856

95%
583–815

Number of individual birds detected across 4,800 BBS point count locations.
Confidence intervals for number of locations each species is predicted to be detected at.
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Table 3.2

Deviance information criterion (DIC) score measuring hierarchical community
model performance in estimating species richness of woodpeckers at locations
within the Tennessee Valley Authorities’ service area. pD values ((pD =
var(deviance)/2)) used to calculate the DIC and inform on the variance in the
models. DIC values ranged less than 200 points and models were considered to
perform similarly and indicates that credibility of species richness across
covariates is similar.

Variable

DIC value

pD value

Elevation

12,733.07

1,670.3

Thermal

12,663.99

1,619.1

NDVI

12,741.8

1,666.4

Canopy Percentage

12,680.97

1,620.8

PLAND

12,656.05

1,586.3

IJI

12,759

1,676.4
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Figures

Figure 3.1

Tennessee Valley Authority Location

U.S. states of Tennessee, Alabama, Mississippi, Kentucky, Georgia, and North Carolina which
house the (top) and locations of North American Breeding Bird Survey routes in the TVA
service area (bottom) (USGS Patuxent Wildlife Research Center, 2021)
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Figure 3.2

Observed vs estimated species detection by site.

Estimated comparison of observed and estimated number of woodpecker species at the 4,800
sites under a community occupancy model with a 95% credible interval (top) and observed and
estimated number of sites (out of 4800) where the species occurred with 95% credible interval
(bottom). Regression line indicating theoretical best fit for data.
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Figure 3.3

Detection estimate compared to occupancy estimate.

Detection and occupancy probabilities for the six species of woodpecker found in the
southeastern United States included in the hierarchical community model. Each point indicates a
single species and their occupancy estimation (x axis) and detection estimation (y axis) in the
occupancy model with a 95% credible interval. Occupancy estimation has varying error
(horizontal grey bar) between species, but detection error estimation of all species is close to
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Figure 3.4

Species Richness response to environmental covariates

Species richness response to a) canopy cover, b) thermal radiation, c) elevation, d) interspersions
and juxtaposition (IJI), e) distance to mixed forests, and g) the normalized difference vegetation
index (NDVI). Solid blue line indicates predicted values and dashed indicates 95% credible
interval estimate. Gray vertical bars indicate the variation in species richness that could occur at
each location.

54

Figure 3.4 (continued)
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Figure 3.4 (continued)
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